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Abstract—Compressed sensing based multiuser detection
(CSMUD) is a promising candidate to cope with the mas-
sive connectivity requirements of the massive machine type
communication (mMTC) in the fifth generation (5G) wireless
communication system. It facilitates grant-free non-orthogonal
code division multiple access (CDMA) to accommodate massive
number of IoT devices. In non-orthogonal CDMA, the users are
assigned with non-orthogonal sequences which serve as their
signatures. However, the activity detection which is based on
the correlation between the spreading sequences, degrades with
increase in the number of users, especially in the lower SNR
region. In this paper, to improve the performance of the CSMUD,
we propose a sequence block based CSMUD, in which block
of sequences is used as signature of the user instead of single
sequence. A sequence block based group orthogonal matching
pursuit algorithm is proposed to jointly detect the activity and
data. The proposed scheme reduces the detection error rate
(DER) by a magnitude of two at SNR = 10 dB in a system where
the number of users are three times more than the number of
available resources with each user having activity probability
of 0.1. The DER of the proposed scheme is below 10−2 even
at activity probability of 0.16 for sequence length of 20 and
overloading factor of 300%. Furthermore, at SNR = 10 dB,
the DER of the proposed scheme outperforms the conventional
scheme by a magnitude of one for a system with overloading
factor of 500%.
Keywords: Compressive sensing, multiuser detection, massive
machine type communication, sporadic activity, NOMA, 5G
I. INTRODUCTION
In modern wireless communication system, the number of
devices is dramatically increasing and it is estimated that the
number of connected devices will rise to 50 billion by 2020
[1] and even up to 500 billion by 2024 [2]. The dominant
percentage of these devices will be IoT devices which are
characterized by sporadic activity and low data rate. The
substantial increase in the number of IoT devices imposes
enormous challenges to meet the performance requirements
such as high spectral efficiency, massive connectivity, low
power consumption, ultra-high reliability and ultra-low latency
of the fifth generation (5G) communication system [3] [4].
The current orthogonal multiple access (OMA) schemes are
based on orthogonal resource allocation according to which
only one user is served in a resource block, e.g., a single
time slot, a spreading code or a frequency channel. Due to
the orthogonality constraint, i.e., the number of users cannot
exceeds the orthogonal resources; the OMA schemes are not
capable to meet the performance requirements of the 5G
communication system.
Non-orthogonal multiple access (NOMA) has become a
key technique to meet the performance requirements of the
5G communication system. In NOMA schemes, unlike the
conventional orthogonal multiple access (OMA) schemes, non-
orthogonal resources are assigned to the users. The non-
orthogonality allows the multiple access scheme to be over-
loaded, i.e., to serve multiple users in each orthogonal resource
block. Various schemes have been proposed in the literature
that uses the NOMA principal, which can be divided into
two main categories: the power domain NOMA and the
code domain NOMA. In the power domain NOMA, the non-
orthogonality is introduced by allocating different power levels
to the users [5]. The power levels are unique for each user
and serve as signatures in the multiuser detection (MUD).
The MUD is carried out by using successive interference
cancellation (SIC) [6].
In code domain NOMA, the users are allowed to transmit
their data by using non-orthogonal codes. At the receiver,
advanced MUD techniques such as message passing algorithm
[7] and SIC are used to separate the users. There are different
variants of the code domain NOMA, the most promising of
which are sparse code multiple access (SCMA) [8]–[10], pat-
tern division multiple access (PDMA) [11], multi-user shared
access (MUSA) [12] and so on. In SCMA, the information
bits after channel coding are directly mapped to user specific
sparse codewords and message passing algorithm is used at the
receiver for MUD. The PDMA considers each user’s channel
state and accordingly allocates a different number of non-
zero elements to the codeword. The MUSA is a sequence
based NOMA scheme that assigns low correlated spreading
sequences to the nodes and uses SIC for multiuser detection.
Compressive sensing based multiuser detection (CSMUD)
[13]–[17] is a recently proposed scheme to enable grant-free
non-orthogonal code division multiple access (CDMA) for
sporadic mMTC in 5G. Non-orthogonal spreading sequences
are assigned to the users for spreading their data. At the
receiver, the CSMUD exploits the sporadic activity of the
IoT devices to jointly detect the activity and data using
compressive sensing algorithms, e.g., orthogonal matching
pursuit (OMP) [18]. OMP is the preferred choice for CSMUD
due to its relative low complexity. A variant of the OMP
called group orthogonal matching pursuit (GOMP) is used
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in [15]. The GOMP exploits the group sparsity, i.e., when
a user is active, it transmits a block of symbols. However, the
performance of the OMP based CSMUD algorithms depends
on the correlation between the spreading sequences: higher the
correlation is, higher the detection error rate will be. For fixed
number of sequences, the correlation between the sequences
is dependent on the spreading factor, i.e., the length of the
spreading sequences. However, it is spectrally inefficient to
reduce the mutual correlation of the sequences by increasing
the spreading factor.
In this paper, we have proposed a sequence block based
CSMUD (SB-CSMUD) to improve the activity detection in
CSMUD without increasing the spreading factor. In the pro-
posed scheme, a block of sequences is assigned to each user
instead of assigning a single sequence. The activity detection
is based on the correlation of the sequence blocks instead
of the correlation between single sequences. The blocks are
designed using the total available spreading sequences. A
sequence block GOMP (SB-GOMP) algorithm is proposed to
jointly detect the activity and data. The proposed algorithm
uses the sequence blocks as signature to distinguish the users.
Due to averaging the correlation of the sequences in a block,
the maximum correlation between the blocks of sequences is
less than the maximum correlation between single sequences,
which significantly improves the activity detection. It is shown
that for a block size of 4, without increasing the spreading
factor, the DER is reduced by magnitude of two at SNR = 10
dB. Furthermore, the proposed scheme is resilient at higher
activity probability, i.e., when more devices are active at a
time and when the number of devices is higher in the range of
base station, the network has higher overloading. It is shown
that at SNR = 10 dB, a gain of magnitude one in DER is
achieved over the conventional scheme at overloading factor
of five for spreading factor of 20 and sequence block size of
four. In addition, a gain of magnitude one is achieved over the
conventional scheme at activity probability of 0.16.
The paper is organized as follows. In Section II, the general
system model for mMTC and compressive sensing basics are
described. In Section III, the proposed method of sequence
block based compressive sensing multiuser detection is de-
scribed. In Section IV, the simulation parameters are given
and the performance of the proposed scheme is analyzed in
terms of detection error rate and bit error rate. Finally Section
V concludes the paper.
Notations: In this paper, all boldface uppercase letters
represent matrices such as A, while all lowercase boldface
letters represent vectors such as x. The set of binary and
complex numbers are represented by B and C, respectively.
Italic letters such as k, x represent variables. Uppercase letters
such as K and Greek letters such as γ represent a constant
value.
II. SYSTEM MODEL
A typical uplink mMTC scenario is considered where N
users are in the range of a base station as shown in Figure
1. It is assumed that each user is active with an activity
probability, pa  1. With such a low activity probability, the
data transmission is sporadic, i.e., in a single time slot only
a small fraction of the N users is active. Furthermore, we
Active 
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Fig. 1. Massive machine type communication uplink scenario: N nodes
connected to the base station
assume that when a node is active, it transmits L consecutive
bits. Under these assumptions, we modeled the mMTC traffic
as a Bernoulli distribution with activity probability, pa  1,
and inactive probability 1 − pa. The low activity probability
assumption makes the multiuser signal sparse, i.e., a small
number of non-zero elements. The multiuser detection problem
for such sparse signals can be modeled as a compressed
sensing problem.
Compressed sensing (CS) is a signal processing technique
which samples a sparse signal at a rate much less than the
Nyquist rate [19]. A signal v ∈ CN×1 is said to be K-
sparse if it has only K non-zero elements. The CS process
produces measurement y ∈ CM×1 by a measurement matrix
Ψ ∈ CM×N , K < M < N ,
y = Ψv. (1)
As M < N , Equation (1) is an underdetermined system of
equations and convex optimization is used to reconstruct the
signal v as follows
vˆ = arg min
v∈CN×1
‖v‖1 subject to y = Ψv. (2)
where ‖v‖1 represents the l1 norm of v. Convex optimization
recovers the signal with higher accuracy, however, it has a
complexity of cubic order. Due to the higher complexity, the
use of convex optimization becomes impractical when the
number of N is higher. Therefore, greedy algorithms such as
OMP and orthogonal least square (OLS) are used for signal
recovery with relatively lower computational complexity [19].
In OMP the support of v is iteratively obtained by selecting
the index of the maximally correlated column of Ψ with the
residual, whereas in OLS a least square criteria is used instead
of correlation. The residual is initialized as y and is updated
in each iteration of the greedy algorithm. The data of the
detected active users are then estimated using least square
estimation. However, for the successful recovery of signal
using CS algorithms, the measurement matrix, Ψ, needs to
satisfy the restricted isometry property (RIP) [20]. A matrix
Ψ is said to satisfy RIP if there exists a constant δK ∈ (0, 1)
such that for every K sparse signal, v, [20]
(1− δK) ‖v‖22 ≤ ‖Ψv‖22 ≤ (1 + δK) ‖v‖22 . (3)
In the proposed work we assume the non-orthogonal
multicarrier-CDMA (MC-CDMA) system [21] for uplink
mMTC scenario. For the MUD problem in our system model,
the column vector v in Equation (1) can be regarded as
the multiuser signal which represents the data symbols of N
users in a single time slot. M represents the number of radio
resources and K is the number of simultaneously active users
which is dependent on the activity probability, pa. Generally,
the sensing matrix, Ψ, consists of the combination of the
spreading sequences and channel coefficients. However, in the
proposed scheme, differential quadrature phase shift keying
(DQPSK) is used to avoid the channel estimation, therefore,
the sensing matrix used for recovering the signal only consists
of the spreading sequences.
III. SEQUENCE BLOCK BASED CSMUD
In conventional CSMUD based NOMA scheme, each user
is assigned with a specific spreading sequence. A node uses
the same sequence for all its data symbols in a frame. For
sensing matrix, A = [a1 a2 . . .an . . .aN ], where an is
spreading sequence assigned to user n, the GOMP based
activity detection at iteration i is given as
I = arg max
1≤j≤N
(
Ωj − 〈aj ,a(k)〉
)
(4)
where a(k) is the detected sequence in the previous iteration
and Ωj , 1 ≤ j ≤ N , is given as
Ωj =
1
L
L∑
l=1
N∑
i=1
x
(l)
i · 〈aj ,ai〉+ w(l)j , (5)
where w(l)j is the contribution of noise at l-th symbol of user
j. From Equation (5), it is evident that activity is dependent
on the correlation between the sequences and a detection error
occurs when the sum of the cross correlations of an inactive
node becomes higher than that of the active node. Therefore,
the performance of the GOMP based CSMUD depends on the
maximum correlation, µ, between the sequences of a sensing
matrix, A, which is defined as
µ = max
i,j
i6=j
|aTi aj |
‖ai‖‖aj‖ i, j ∈ {1, 2 . . . N} (6)
For a sensing matrix with higher value of µ, the detection
error rate (DER) will be higher and vice versa. The maximum
correlation, µ, is dependent on the length of the spreading
sequence, i.e, the spreading factor. Increasing the spreading
factor reduces the maximum correlation µ, which improves
the activity detection. However, higher spreading factor means
using more radio resources, which is not desirable in a mMTC
scenario. Therefore, to reduce the µ value without increasing
the spreading factor, we propose SB-CSMUD. In SB-CSMUD,
instead of assigning a single sequence, a sequence block,
Bn ⊂ A, 1 ≤ n ≤ N , is assigned to each user and accordingly
a sequence block based GOMP algorithm is designed for
multiuser detection.
A. Sequence Block Design
To distinguish the active nodes at the base station, each
node must have a unique signature. In the proposed SB-
CSMUD scheme, blocks of spreading sequences are used
as signatures. A sensing matrix, A ∈ CM×N , is generated
by selecting random sequences from the unit circle such as
si(ν) ∼ exp(2piν) with ν being a uniform distribution on
the interval [0,1]. For each user a block of D sequences are
selected from the sensing matrix A. The sequence block Bn,
1 ≤ n ≤ N , is designed such that the sequences at the same
index of all sequence blocks are unique, i.e., Bi,d 6= Bj,d,
i, j ∈ {1, 2, · · · , N}, i 6= j, where Bj,d represents the d-th
sequence of the j-th sequence block, 1 ≤ d ≤ D. While
several procedures are possible for choosing the sequences for
a sequence block, here for simplicity, a sliding window based
procedure is employed to select D sequences from sensing
matrix, A. In Figure 2, the design of sequence blocks for
D = 3 is shown. For user 1, the B1 consists of the first three
sequences of the matrix, A. Similarly B2 consists of second,
third and fourth sequences and so on.
…
…
…
…
…
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𝐀
Fig. 2. Selection of sequence blocks from sensing matrix
B. Processing at Sensor Node
The data processing at a sensor node is depicted in Figure
3. The active node transmits a data frame of Lc bits which are
selected from binary alphabet A, whereas the inactive node is
considered as a frame of Lc zero bits. The data of active nodes
after channel coding are modulated using DQPSK. DQPSK is
used to facilitate the non-coherent detection at the receiver and
therefore avoid channel estimation. The modulated data frame,
xn ∈ C1×L, of user n is divided into G = L/D symbol
groups, each symbol group having D symbols. The symbols
of each group are spread over the corresponding spreading
sequences in the node specific sequence block. An example
for D = 3 is shown in Figure 3, where the first symbol of
each group spreads over the first sequence in the sequence
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Fig. 3. Processing at node n:  represents multiplication of first column
Bn with fist symbol of a symbol group of xn , second column with second
symbol and so on
block, the second symbol over the second sequence and so
on.
The resultant spread signal frames of all the N nodes Un ∈
CM×L, 1 ≤ n ≤ N , are then transmitted using orthogonal
frequency devision multiplexing.
C. Multiuser Detection
The received signal after affected by the additive white
Gaussian noise and channel fading is given in frequency
domain as
Y =
N∑
n=1
diag(hn)Bn  xn + W, (7)
where
Bn  xn =[Bn,1xn,1,Bn,2xn,2, · · · ,Bn,Dxn,D,
Bn,1xn,D+1, · · · ,Bn,Dxn,2D, · · · ,Bn,Dxn,L],
(8)
where Bn,d represents the d-th sequence of the n-th sequence
block, Bn,l represents the the l-th symbol of the data frame
of the n-th node, W ∈ CM×L is the Guassian noise and
hn ∈ CM×1 consists of the user and subcarrier specific
channel coefficients. The sequence block serves as a signature
for the node at the receiver, where the activity is detected
based on the average of the correlations between the sequence
blocks and the received signal Y. The activity detection step
in Equation (4) is redefined as
I = arg max
1≤j≤N
(
Ωj − 〈Bj ,B(k)〉
)
, (9)
where B(k) is the detected sequence block in the previous
iteration. The block correlation, 〈Bj ,B(k)〉 is given as
〈B
j
,B(k)〉 = 1
D
(
D∑
d=1
|BTj,dB(k),d|
‖B(k),d‖‖Bj,d‖
)
, (10)
where Bj,d represents the d-th sequence of the j-th sequence
block. The correlation contribution of the j-th block, 1 ≤ j ≤
N , in the received signal is given as
Ωj =
1
L
L∑
l=1
N∑
i=1
x
(l)
i · 〈Bj ,Bi〉+ w(l)j . (11)
From Equation (11), it is clear that in the SB-CSMUD,
the performance depends upon the block sequence instead
of single sequence. The performance determining factor of
CSMUD is therefore redefined for the sequence block based
GOMP as
µB = max
i,j
i6=j
〈B
i
,B
j
〉 i, j ∈ {1, 2, . . . , N}. (12)
For the same random sensing matrix, A, the maximum
correlation, µ, in Equation (6), is between two sequences,
whereas µB is the average of the correlations between blocks
of D sequences. For the worst case, out of the D correlations,
µB can only have correlation of a pair of sequences equal to
µ. The other D−1 correlations will be less than µ. Therefore,
the inequality, µB < µ, always exists, which ensures the
improvement in the activity detection of the SB-CSMUD.
The sequence block based GOMP algorithm for the multiuser
detection is given in Algorithm 1. In line 1 of the algorithm,
the activity is detected as the index of the sequence block
that has maximum correlation with the residual R which is
initialized as the received signal Y. The active nodes set Γ
is updated at each iteration with the newly detected node.
For each symbol group, g, the data of the active nodes are
estimated using least square estimation in line 2. In line 3,
the residual is updated by subtracting the contribution of the
estimated data from Y. The algorithm stops when the number
of iterations equals the number of active nodes or the energy
of the residual becomes less than a predefined threshold, γ.
Algorithm 1: Sequence block GOMP
Input : Y,A, G
Initialization: q = 0, R0 = Y,Γ = ∅
Iteration : q ←− q + 1
/* Activity Detection */
1 Iq ←− arg max
1≤n≤N
G∑
g=1
〈Bn,Rq−1g 〉, Γq = Iq ∪ Γq−1
/* Data Detection */
2 X̂Γq,g = B
†
ΓqYg for 1 ≤ g ≤ G
/* Residual Update */
3 Rqg = Yg −BΓX̂Γq,g
4 If q = K or ‖Rq‖ < γ, stop
Output : X̂
IV. PERFORMANCE ANALYSIS
We analyzed the performance of the SB-CSMUD scheme
in terms of DER and BER for various scenarios. We assume
that each active node transmits, Lc = 100 bits per data frame.
TABLE I
SIMULATION PARAMETERS
Number of Nodes N = 40 : 20 : 120
Length of spreading sequence M = 20
Activity probability pa = 0.1 : 0.02 : 0.16
Overloading factor λ = 2 : 6
Channel coding Rate-1/2 Convolutional
Modulation DQPSK
Interleaver Random
Delay spread length 1000 m
Fading model Block fading
An exponentially decaying channel with a path loss constant
of two is assumed with block fading where the channel
response remains same for 10 consecutive OFDM symbols.
The overloading factor is defined as λ = N/M . The other
simulation parameters are summarized in Table I.
The DER of the conventional and the SB-CSMUD schemes
is compared in Figure 4. The DER of the proposed SB-
CSMUD scheme is significantly lower than that of the con-
ventional scheme. It can be seen that at SNR = 10 dB, the
DER of the conventional scheme is reduced by a magnitude
of one using block size, D = 2, M = 20, λ = 3 and pa = 0.1.
Increasing the block size, D, further reduces the DER and it
can be observed that at block size of four, a gain of magnitude
two in DER is achieved at SNR = 10 dB. However, at lower
SNR, the reduction in DER with increasing D is quadratic due
to the fact that at lower SNR the noise significantly disrupt
the signal. It can be observed from Figure 4 that the rate of
reduction from D = 1, i.e., the conventional case, to D = 2
is much higher than that of the case from D = 2 to D = 3
and so on.
0 5 10 15 20 25 30
SNR (dB)
10-5
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Conventional CSMUD
SB-CSMUD, D=2
SB-CSMUD, D=3
SB-CSMUD, D=4
Fig. 4. Detection error rate for different sequence block size, D: M =
20, λ = 3, pa = 0.1
In Figure 5, it shows the corresponding BER comparison
of the schemes under the same settings of Figure 4. The
BER is significantly improved in the proposed SB-CSMUD
scheme due to the accurate activity detection. We can find
that the BER is reduced by a magnitude of one, at SNR =
30 dB. Referring to Figure 4, it is evident that the reduction
in BER comes from the reduction in the DER. The BER
for D ≥ 2 is nearly the same as that of D = 2, the
reason lies in that for D ≥ 2 the BER is dominated by
the least square estimation errors. At lower SNR, although
the activity is detected correctly, the improvement in BER of
the conventional scheme is not significant due to the higher
number of the least square estimation errors.
0 5 10 15 20 25 30
SNR (dB)
10-5
10-4
10-3
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Conventional CSMUD
SB-CSMUD, D=2
SB-CSMUD, D=3
SB-CSMUD, D=4
Fig. 5. Bit error rate for different sequence block size, D: M = 20, λ =
3, pa = 0.1
For a given SNR = 10 dB, it shows the effect of increasing
the activity probability, pa, on the DER in Figure 6. Increasing
pa, increases the number of active nodes, which increases the
multiple access interference and ultimately leads to activity
detection errors. From Figure 6, it is evident that the proposed
scheme is more robust to multiple access interference and even
at pa = 0.16, the DER is less than 10−2, whereas the DER of
the conventional scheme is higher than 10−2 when pa > 0.12.
Moreover, it can also be seen that increasing D improves the
performance, which shows that at higher, pa, the DER can be
further lowered by increasing D.
Figure 7 presents the effect of increasing the overloading
factor, λ, on DER at SNR = 10 dB and pa = 0.1. Increas-
ing the overloading factor means increasing the number of
spreading sequences for a fixed spreading factor. Therefore,
for a fixed spreading factor, the maximum correlation increases
with increase in λ, and it becomes harder to correctly detect the
active node. However, the increase in correlation between the
blocks is much smaller than that of the single sequence based
conventional system. Therefore, the DER of the SB-CSMUD
is far less than the conventional scheme. It can be observed
from Figure 7 that DER is reduced by a magnitude of one at
λ = 5 for block size of D = 4. Moreover, for λ = 2, all of the
nodes are correctly detected by the proposed scheme, whereas
the conventional scheme has a DER of greater than 10−4.
Furthermore, the DER at higher overloading also reduces with
increasing the block size D.
0.1 0.11 0.12 0.13 0.14 0.15 0.16
Activity Probability, Pa
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Conventional CSMUD
SB-CSMUD, D=2
SB-CSMUD, D=3
SB-CSMUD, D=4
Fig. 6. Effect of increasing the activity probability, pa, on DER: M =
20, λ = 3, SNR = 10 dB
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Overloading factor, 
10-5
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D
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Conventional CSMUD
SB-CSMUD, D=2
SB-CSMUD, D=3
SB-CSMUD, D=4
Fig. 7. Effect of increasing the overloading factor, λ, on DER: M = 20, pa =
0.1, SNR = 10 dB
V. CONCLUSION
In this paper a sequence block based CSMUD is proposed
to improve the activity detection in a non-orthogonal MC-
CDMA system for sporadic mMTC. Accordingly, a sequence
block based GOMP algorithm is designed to jointly detect
the activity and data. The proposed scheme uses blocks of
sequences as signatures for the users which are generated from
the predefined sensing matrix. As a result the performance
is improved without reducing the spectral efficiency of the
system. The performance gain comes from the fact that the
correlation between the sequence blocks is much lower than
the correlation between single sequences. As compared to the
conventional scheme, the proposed scheme reduces the DER
by magnitude of two at SNR = 10 dB using a sequence block
size of 4. The reduction in DER consequently improves the
BER, specifically in the higher SNR region. Furthermore, it
is shown that SB-CSMUD is more resilient at higher activity
probability and in a highly overloaded system.In addition, the
performance at these conditions can further be improved by
increasing the block size.
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